Purpose We propose a systematic approach to correlate MRI and digital histopathology in prostate. Methods T2-weighted (T2W) MRI and diffusion-weighted imaging (DWI) are acquired, and a patient-specific mold (PSM) is designed from the MRI. Following prostatectomy, a whole mount tissue specimen is placed in the PSM and sectioned, ensuring that tissue blocks roughly correspond to MRI slices. Rigid body and thin plate spline deformable registration attempt to correct deformation during image acquisition and tissue preparation and achieve a more complete one-to-one correspondence between MRIs and tissue sections. Each tissue section is stained with hematoxylin and eosin and segmented by adopting a machine learning approach. Utilizing this tissue segmentation and image registration, the density of cellular and tissue components (lumen, nucleus, epithelium, and stroma) is estimated per MR voxel, generating density maps for the whole prostate. Results This study was approved by the local IRB, and informed consent was obtained from all patients. Registration of tissue specimens and MRIs was aided by the PSM and subsequent image registration. Tissue segmentation was performed using a machine learning approach, achieving ≥0.98 AUCs for lumen, nucleus, epithelium, and stroma. Examining the density map of tissue components, significant differences were observed between cancer, benign peripheral zone, and benign prostatic hyperplasia ( p value <5e−2). Similarly, the signal intensity of the corresponding areas in both T2W MRI and DWI was significantly different ( p value <1e−10). Conclusions The proposed approach is able to correlate MRI and digital histopathology of the prostate and is promising as a potential tool to facilitate a more cellular and zonal tissue-based analysis of prostate MRI, based upon a correlative histopathology perspective.
Introduction
Prostate cancer is one of the most prevalent cancers in US men and the second leading cause of cancer death [1] . Widespread screening has increased the incidence of prostate cancer, and qualitative histological assessment is the basis of cancer diagnosis today. Like all qualitative measurements, histological interpretation is subject to interobserver variation and is difficult to measure for purposes of research [2, 3] . Several imaging techniques such as magnetic resonance imaging (MRI) and positron emission tomography (PET) provide minimally invasive means to evaluate and characterize prostatic tissue. MRI, in particular, offers a (relatively) high spatial resolution and soft tissue contrast. The multi-parametric MRI, including T2-weighted (T2W) MRI, diffusion-weighted MRI (DWI), dynamic contrast-enhanced (DCE) MRI, and MR spectroscopy, is capable of identifying cancers with high sensitivity of 80-95 % or more depending on the criteria used [4, 5] . In prostate pathology, the microscopic tissue properties are of great importance; however, detailed tissue or cellular information is not feasible in MRI due to its resolution of ∼300 µm. Digital histopathology offers the ability to quantitatively measure tissue characteristics with the resolution of ∼0.5 µm (at 20× magnification), for instance, distortion of glandular structure and spatial distribution and arrangement of cells and nuclei. Such quantitative measures can be efficiently and effectively integrated into a decision support system for accurate diagnosis and prognosis utilizing machine learning techniques. Previous studies have suggested that the digital pathology-based image features could improve cancer diagnosis and prognosis [6] [7] [8] . Accordingly, a combination of a multi-parametric MRI approach and digital histopathology analysis could facilitate characterization of prostate cancer and an improved understanding of the underlying origins of MRI features. The approach necessitates an accurate registration between the two techniques, but it is often limited due to the substantial difference in the resolution between them.
Several studies have been conducted to examine the relationship between MRI and prostate histopathology. T2W MRI was investigated in relation to tissue density [9] and to histopathology [i.e., carcinoma and benign prostatic hyperplasia (BPH)] [10] . Apparent diffusion coefficients (ADC) derived from DWI have been shown to be inversely related to nuclear density [11] [12] [13] [14] . Different tissue components (e.g., cytoplasm, stroma, lumen, and nuclei) were also correlated with T2W MRI, DWI, and DCE MRI [14] . Moreover, Gleason score was inversely related to ADC [15] and T2 measurements [13] . For these studies, the regions of interest (ROIs) were manually selected and compared by pathologists and radiologists using consensus. Such manual region-toregion analysis may potentially introduce bias to the analysis and thus limit its value.
Herein, we propose a systematic approach to correlate a digital histopathology analysis with a multi-parametric MRI (Fig. 1) . We adopt a machine learning approach to conduct digital histopathologic analysis of the prostate. The corresponding MR slices and tissue specimen images are registered via a patient-specific mold (PSM) and semiautomated deformable image registration. A complete density map for different tissue components is generated for the whole prostate in MRI.
Methods

Patient population
This study was approved by the local institutional review board (IRB) and was compliant with the Health Insurance Portability and Accountability Act. All procedures followed were in accordance with the ethical standards of the responsible committee on human experimentation (institutional and national) and with the Helsinki Declaration of 1975, as revised in 2008 (5). We included eight consecutive radical prostatectomy patients with 15 tissue sections (obtained between March 2014 and July 2014), where pre-surgical MR images are free from substantial artifacts, distortion, noise, or partial volume effects, in this study. All patients had biopsy-proven adenocarcinoma of prostate and underwent robotic-assisted radical prostatectomy within 180 days of imaging without any intervening treatment. Informed consent was obtained from all patients for being included in the study.
MRI protocol
Multi-parametric MRI of the prostate is performed on a 3-Tesla MR scanner (Achieva-TX, Philips Healthcare, Best, NL) using the anterior half of a 32-channel SENSE cardiac coil (In Vivo, Philips Healthcare, Gainesville FL, USA) and an endorectal coil (BPX-30, Medrad, Indianola PA, USA). No pre-examination bowel preparation was required. The balloon of each endorectal coil is distended with approximately 45 mL of perfluorocarbon (Fluorinert FC-770, 3M, St Paul, MN, USA) to reduce imaging artifacts related to air-induced susceptibility. T2-weighted (T2W) MRI and diffusion-weighted MRI (DWI) are acquired. T2W MRI has a resolution of 0.27mm × 0.27 mm. The standard DWI is acquired with 5 evenly spaced b values (0-750 s/mm 2 ), and a map of the apparent diffusion coefficient (ADC) is calculated per voxel. Multi-parametric MRI is independently evaluated by three experienced genitourinary radiologists (SS, BT, and PLC with 2, 7, and 14 years of experience). The whole prostate, peripheral zone, transition zone, and cancer lesions are delineated and recorded in an MRI coordinate system. The whole prostate is first automatedly segmented by research software (iCAD Inc., Nashua, NH, USA), and the resulting segmentation is manually adjusted by the radiologists. DWI images are rigidly registered with T2W MRIs using MR coordinate information [16] . The registration is performed per MR slice.
Customized MRI-based mold and tissue specimen preparation
The patient-specific mold (PSM) is printed based on the presurgical MRI of each patient, ensuring that the tissue blocks correspond to the MRI slices [17] . The PSM is created in SolidWorks, a 3D-CAD software (Dassault Systemes SolidWorks Corp., Waltham, MA, USA), and printed on a 3D printer. The PSM is designed with sectioning slots that are positioned such that each tissue block matched the location of a 3-mm-thick MR slice.
Following prostatectomy, a whole mount prostate tissue specimen is fixed in formalin for 2-24 h at room temperature. The tissue specimen is serially sectioned in the PSM from apex to base at 6-mm intervals using a 10-inch-long autopsy knife (Scientific Supplies, order No. MII-5000). The resulting tissue blocks are labeled and allowed to fix in formalin for an additional 48-72 h. The formalin is removed by wax addition, and graded alcohol is added to dehydrate the specimen. The alcohol is cleared by adding xylene and paraffin to the media. Tissue sections are cut at 5 µm thickness and stained with hematoxylin-eosin (H&E) for histopathologic evaluation. A digital image of each tissue section is acquired on a standard optical microscope (Aperio Technologies, Inc.) at 20× magnification. The image has a resolution of 0.504 µm × 0.504 µm and an approximate dimension of 100,000 × 80,000 pixels (or 5 cm × 4 cm).
On the 18 digitized tissue images from four patients, lumen, nuclei, epithelium, and stroma pixels are manually selected by pathologists and used for training and testing tissue segmentation methods. The training dataset contains 23,359 lumen, 27,570 nuclei, 80,809 epithelium, and 70,545 stroma pixels from two patients' 11 tissue images. The validation dataset consists of seven tissue images from two patients, including 16,482 lumen, 19,342 nuclei, 57,289 epithelium, and 46,991 stroma pixels.
Tissue image analysis
Feature extraction
A tissue specimen image I (in RGB: red, green, and blue) is converted into three different forms: (1) histogram equalization, (2) HSV (hue, saturation, and value) color space, and (3) La*b* (L: illumination, a* and b*: color-opponent dimensions) color space. In total, nine color channels are generated. For a pixel x ∈ I , we compute intensity-and texture-based features within a w × w rectangular window around the pixel x. Intensity-based features include average, standard deviation, kurtosis, and skewness. Texturebased features utilize local binary pattern (LBP) [18] , local directional derivative pattern (LDDP) [19] , and variance measure (VAR) [18] , that generate a (binary) pattern code per pixel. The pattern codes in a window are summarized into a histogram and used as texture-based features. These features are computed on the two color channels (HSV value and La*b* illumination) using two neighborhood topologies (P,R) = {(16, 2), (24, 3)} where P and R are the number of neighboring pixels and the radius, respectively. Concatenating the intensity-and texture-based features, we obtain a K-dimensional feature vector
is the value of feature k at pixel x ∈ I . We perform the feature extraction for differing sizes of w×w window (w = 1, 3, 7, 15, 27, 43, and 63 pixels) and obtain a set of feature vectors 
Local binary pattern and its variants
For a (center) pixel x ∈ I , LBP examines its neighboring pixels p ( p = 0, . . . , P − 1) in a radius R and generates a binary pattern code as follows:
where s (x) is 1 if x ≥ 0 and 0 if x < 0 and g c and g p represent the gray level of the center pixel and its neighborhood pixels, respectively. The coordinates of the neighborhood pixels are computed as (R cos (2π p/P) , −R sin (2π p/P)), and their gray levels are estimated by interpolation. Since LBP exclusively depends on the sign of the gray-level differences, the pattern code is invariant to the scaling of the gray scale. Moreover, rotating the image, the gray levels of the neighborhood pixels rotate around the center pixel. The rotation results in a different binary pattern code but only makes a bit-wise shift in the original pattern code. Hence, rotation-invariant pattern code is computed as
where ROR (x, i) is a circular bit-wise shift operator on x by i bits. Higher-order derivative information is computed using local directional derivative pattern (LDDP) to provide more detailed texture information. Second-order LDDP along p direction is computed as follows:
where g R 1 p and g R 2 p denote the gray level of a neighborhood pixel p in a circle of radius R 1 and R 2 , respectively.
Due to lack of contrast information in LBP and LDDP, variance of the local contrast (VAR) is also measured as follows:
Since VAR is continuous, it is discretized by equal-depth binning to provide a pattern code (We set 10 bins).
Multi-view boosting
Multi-view boosting algorithm [20] takes a dataset of differing views and cooperatively integrates them together to construct a (strong) classifier in a boosting scheme. It maintains a cost matrix (or distribution) C of data for each view and a global cost matrix C G in a way that the harder cases for one view are managed by the other views. At each booting round, it learns a weak classifier on each view and selects the best one. At the end of the boosting iterations, a weighted vote of the chosen weak classifiers forms the final classifier.
First, a weak classifier h t, j is learned on a cost matrix C t, j (or view j) at iteration t, which performs better than an edge-over-random baseline B. That is, h t, j satisfies the edge condition if C t, j · 1 h t, j ≤ C t, j · B where 1 h is the prediction matrix defined as 1
Second, cost matrices are updated using the weak classifiers. C t, j (i, l) is updated only if h t, j correctly classifiers x i as the class l or all the other weak classifiers misclassify it:
Third, on the global cost matrix C t,G , the best performing weak classifier h t is chosen and its weight α t is computed as α t = 1 2 ln
where the edge δ t = C t,G · U γ,G − C t,G · 1 t,G . Fourth, using the selected weak classifiers so far, C t,G is updated. Lastly, we obtain the final hypothesis as a weighted vote of the selected weak classifiers:
As a weak classifier, a linear support vector machine (SVM) [21] is adopted. We compute the probability estimate of the output Q T (x) using a logistic link function: P (x) = 1 1+exp(−Q(x)) . The detail of multi-view boosting algorithm is available in [20] .
Tissue segmentation
A tissue specimen image is segmented into lumen, nucleus, epithelium, and stroma in a cascaded fashion. The tissue image is first segmented into lumen and non-lumen areas. Lumens are determined by using a threshold value th L (>0.5) on the output of the lumen versus non-lumen multi-view boosting classification (+: lumen, −: non-lumen), followed by a size constraint s L (>50 µm 2 ). Second, nonlumen areas are classified into nuclei and non-nuclei areas. Thresholding (th N : >0.5) the output of the nuclei versus non-nuclei multi-view boosting classification (+: nuclei, −: non-nuclei), initial nuclei are identified. The size and shape of the initial nuclei are examined: If the size of a nucleus is smaller than 5 µm 2 or the ratio of the major and minor axis is greater than 5 when its size is smaller than 25 µm 2 , then the nucleus is considered to be an artifact. Third, non-nuclei areas are grouped into epithelium and stroma. We identify epithelium by using a threshold value th E S on the output of the epithelium versus stroma multi-view boosting classification (+: epithelium, −: stroma), followed by a size constraint s E S . To reflect and correct the variability in staining and improve the segmentation, we adjust the threshold value and size constraint (th E : 0.4-0.6; s E : 500-1500 µm 2 ) per slice. Fourth, nuclei that are present in epithelium are designated as epithelial nuclei. Finally, the perimeter of lumens is examined. By definition, epithelial cells enclose lumens in tissue. If <40 % of the perimeter is surrounded by epithelium, such lumens are excluded. The tissue segmentation was performed in MATLAB on the high-performance Biowulf Linux cluster at the National Institutes of Health (Bethesda, MD, USA) (http://biowulf.nih.gov).
Image registration and density map
Although the PSM helps in orienting the tissue specimen and maintaining the shape of the prostate, tissue preparation process (e.g., fixation) introduces deformation. The endorectal coil also deforms the prostate during the MRI, and this deformation is absent in the specimen. To correct such deformations, each pair of the MRI slice and whole mount tissue slide is examined and their correspondence confirmed by radiologists. Then, in-house developed semiautomated registration, implemented in NIH OncoNav software, completes the registration based on the outer shape and/or internal structures of the prostate. Given the prostate segmentation contours of both tissue specimen image and MRI, manual rigid body registration with 6 degrees of freedom is carried out to match the oblique plane of the three-dimensional MRI with the tissue specimen image. Thirty landmarks are sampled from each of the segmentation contours, paired, and used to conduct two-dimensional thin plate spline (TPS) deformable registration [22] . The landmarks are obtained by calculating the intersections between the prostate contour and 30 evenly angled rays (an interval of 12 degrees) which start from the center of the prostate segmentation contour. In addition, the internal anatomical landmarks such as urethra, ejaculatory ducts, and BPH nodules can be added to improve the quality of registration. Smoothing is incorporated in the deformable registration to prevent over fitting. The correspondence between MRI and tissue specimen image is visually confirmed.
A voxel in a MRI slice approximately corresponds to 540 ×540 pixels in a tissue specimen image. We estimate the density, i.e., percentage area of tissue components (lumen, nuclei, epithelium, and stroma) per MR voxel by computing the corresponding location in a tissue image, drawing a 540 × 540 window around the location, and calculating the ratio of the size of the segmented area to the size of the window. In order to compare MR signal intensities and tissue component densities, cancer, peripheral zone (PZ), and BPH are identified by radiologists and transferred to the corresponding tissue specimen image using the image registration transformation. Also, pathologists independently examine tissue specimen images and identify cancers. The identified regions are further adjusted to avoid any distortion, artifacts, or tears in the tissue specimen. Cancer regions are only included when they are identified by both radiologists and pathologists.
Statistical analysis
Data analysis is performed using R software version 2.15.2 (GNU General Public License). The performance of tissue segmentation is measured and evaluated using a receiver operating characteristic (ROC) plot (sensitivity vs. 1-specificity) and the area under the ROC curve (AUC). Bootstrap re-sampling with 2000 repetitions is adopted to assess 95 % confidence interval (CI) of AUCs [23] . Statistical significance of MR signal intensity and tissue component density in discriminating different histopathologic areas is determined by Wilcoxon's rank-sum test.
Results
To segment whole mount prostate tissue specimen images, three multi-view boosting classifiers were employed: (1) lumen versus non-lumen, (2) nucleus versus non-nucleus, and (3) epithelium versus stroma. Each multi-view boosting classifier was trained on the training dataset and tested on the validation dataset. The segmentation result was summarized into a ROC plot, and the AUC and confidence intervals (CI) were computed. We obtained an AUC of 0.99 AUC (95 % CI 0.99-1), 0.98 (95 % CI 0.98-0.98), and 0.98 (95 % CI 0.98-0.98) for lumen versus non-lumen, nucleus versus non-nucleus, and epithelium versus stroma, respectively. The cascaded segmentation was conducted for the whole tissue specimen image (Fig. 2) . H&E-stained image and color-coded segmentation of different histopathologic areas (cancer, peripheral zone, BPH) are presented in Fig. 2b .
Tissue specimen images were successfully registered with T2W MRI using TPS deformable registration. Since T2W MRI and the ADC map of DWI were already aligned using MR coordinate information, a correspondence between a tissue specimen image and T2W MRI and the ADC map was achieved (Fig. 3) . Tissue specimen images and MRIs corresponded to each other in tumor lesions and internal structures such as BPH nodules, urethra, ejaculatory ducts, transition zone, and peripheral zone. Moreover, using the deformable registration and tissue segmentation, a density map of the four tissue components (lumen, nuclei, epithelium, and stroma) was computed for the whole prostate (Fig. 4) .
We identified 28 regions (eight transition zone (TZ) cancer, seven peripheral zone (PZ) cancer, five BPH, and eight PZ benign) from 15 tissue sections. Eight cancer regions were from TZ (Gleason score 7(3+4): 3, 8(4+4): 4, 9(4+5): 1), and seven cancer regions were from PZ (Gleason score 7(3+4): 4, 8(4+4): 3). The MR signal intensities and tissue component densities were compared among four different histopathologic areas (TZ cancer, PZ cancer, BPH, and PZ benign). As shown in Fig. 5a , for both T2W MRI and the ADC map, the signal intensity in PZ benign was significantly higher than in TZ cancer, PZ cancer, and BPH ( p value <1e−10). A significantly lower signal intensity of the ADC map was obtained in both TZ cancer and PZ cancer than in BPH ( p value <1e−10). PZ cancer showed a higher signal intensity than TZ cancer in the ADC map. Moreover, there were significant differences in density between the histopathologic areas regardless of tissue components (lumen, nucleus, epithelium, and stroma; p value <5e−2) (Fig. 5b) . TZ cancer and PZ cancer showed the lower percentage area of lumen and higher percentage area of epithelium and epithelial nuclei. PZ benign had the higher percentage area of lumen and lower percentage area of epithelium and epithelial nuclei. In BPH, the percentage area of lumen and stroma was higher than in both TZ cancer and PZ cancer and lower than in PZ benign; it was lower than both TZ cancer and PZ cancer and higher than PZ benign with respect to the per- 
Discussion and conclusion
Digital histopathology analysis was correlated with multiparametric MRI of the prostate. Tissue specimen sections were prepared using the PSM to match MRI slices. A multi-view boosting classification achieved accurate tissue segmentation in a cascaded fashion. A density map of the four tissue components was computed for the whole prostate through semiautomated deformable registration. This enabled a more complete voxel-to-voxel correspondence between MRI images and tissue specimen images. We observed different characteristics of histopathologic areas in terms of MR signal intensity and tissue component density.
In the previous studies, MRI signal intensities and tissue component densities were examined. The previous findings are consistent with our results. Cancer tissue had the lower signal intensity of the ADC map than benign tissue [11] [12] [13] [14] . The signal intensity of the ADC map in BPH was higher than in cancer tissue and lower than in benign tissue [11] . The signal intensity of T2W MRI in cancer tissue was lower than in benign tissue. The cellular density was higher in cancer tissue than in benign tissue [12] [13] [14] . Cancer tissue showed the lower lumen density than benign tissue [14] .
The mainstay of MRI and histopathology correlation studies has been to conduct region-to-region comparisons. The corresponding ROIs were selected on each imaging method. The signal intensity and tissue density were averaged in a region and compared to each other. The ROIs were relatively large, and the averaging effect may have suppressed the heterogeneity within each histopathologic area. However, our approach is not limited to such restrictions due to the voxel-to-voxel correspondence. This will aid in characterizing the prostate in MRI in relation to finer histopathologic changes. Local affine transformationbased image registration between tissue specimen images and MRIs was previously presented [24] . It employed quarter mount tissue sections which need manual assembly, and no histopathology analysis was reported.
There are several limitations to this study. First, the sample size is limited. Although roughly one-to-one correlation is available per slice, the prostate is a zonal structure and prostate cancer is a multifactorial, heterogeneous disease with a mixture of heterogeneous growth patterns. The relationship between MRI and tissue component density in different histopathological classifications (e.g., Gleason grades) should be further studied in larger cohorts. Second, although we excluded MR images that possess substantial artifacts, distortion, and noise, these may still exist, leading to inaccurate registration and analyses. Signal inhomogeneity in MRIs may hamper the fair comparison between MRI slices and patients. Additional post-processing on MRI (e.g., normalization) or quantitative maps (e.g., quantitative T2map) can be applied to alleviate their effects and to improve the quality of images and correlation analysis. Third, the image registration between MRI and tissue specimen images relies on the outer shape and anatomical features of the prostate. However, the fragmented tissues or artifacts due to surgery or tissue preparation often degrade the tissue specimen image. These artifacts affect not only the quality of the registration but also the correlation between MR intensity and tissue component density. Fourth, the quality of the image registration was visually evaluated due to the lack of ground truth. Anatomical landmarks (urethra, ejaculatory ducts, and BPH nodules) may be used to measure the accuracy of the registration, but the exact corresponding locations are not available. We rather used them to guide the registration. More robust and accurate methods should be further studied to improve the registration. Fifth, the substantial difference in the resolution between MRI and tissue specimen images is another key challenge to achieve the accurate registration. Such technical constraints may set the upper limit for the registration. But, this was not considered in conducting and evaluating the image registration in this study. Future studies should be conducted in regard to the current technical limitations. Last, only two MRI modalities-T2W MRI and DWI-were considered in this study. Other imaging modalities such as DCE MRI or quantitative T2 mapping can be incorporated in the future using either MR coordinate information or other image registration algorithms.
In conclusion, an approach to correlate whole mount tissue specimens with multi-parametric MRIs is demonstrated. The presented framework could play a critical role in further extending our knowledge of prostate histopathology as expressed by multi-parametric MRI, potentially leading to improved decision support for MRI and improved understanding of the origins of signal characteristics on MRI. In the future, this method could be useful in selecting cells for genomic analysis to further the correlation between MRI and tumor genomics.
